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A Study on Machine Learning-Based Real-Time Gesture Classification
Using EMG Data
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ABSTRACT

This paper explores the potential of electromyography (EMG) as a means of gesture recognition for user input in gesture-based
interaction. EMG utilizes small electrodes within muscles to detect and interpret user movements, presenting a viable input method. To
classify user gestures based on EMG data, machine leaming fechniques are employed, necessitating the preprocessing of raw EMG
data to extract relevant features. EMG characteristics can be expressed through formulas such as Integrated EMG (EMG), Mean
Absolute Value (MAV), Simple Square Integral (SSI), Variance (VAR), and Root Mean Square (RMS). Additionally, determining the suitable
fime for gesture clossification is crucial, considering the perceptual, cognifive, and response times required for user input. To address
this, segment sizes ranging from a minimum of 100ms to a maximum of 1,000ms are varied, and feature extraction is performed to
identify the optimal segment size for gesture classification. Notably, data leaming employs overlapped segmentation to reduce the
interval between data points, thereby increasing the quantity of fraining data. Using this approach, the paper employs four machine
learning models (KNN, SVC, RF, XGBoost) fo train and evaluate the system, achieving accuracy rates exceeding 96% for all models
in realtime gesture input scenarios with a maximum segment size of 200ms.
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(22 1) Myo Armband
(Figure 1) Myo Armband
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Integrated EMG (IEMG), Mean Absolute Value (MAV),
Modified Mean Absolute Value 1 (MAV1), Modified Mean
Absolute Value 2 (MAV2), Mean Absolute Value Slope
(MAVS), Simple Square Integral (SSI), Variance (VAR),
Root Mean Square (RMS), Waveform length (WL), Zero
crossing (ZC), Slope Sign Change (SSC), Willison amplitude
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2.3.2 SVC(C-Support Vector Classification)
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XGBoost(Extreme Gradient Boosting)
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(Figure

2) 6 hand gesture : (a) wrist flexion (b)
finger extension, (c) hand at rest, (d)
hand close, (e) wrist extension, (f)
forearm supination
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(Table 1) Number of EMG data samples by
segment size

Segment size per ;asapngrpsl(fn(ea) Total samples(ea)
100ms 2,808 14,040
150ms 2,736 13,680
200ms 2,664 13,320
250ms 2,592 12,960
300ms 2,520 12,600
350ms 2448 12,240
400ms 2,376 11,880
500ms 2,232 11,160
1,000ms 1,512 7,560
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(Figure 3) Comparison of preprocessing results for
each sensor
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(Table 2) KNN’s 11 preprocessing accuracy by
segment size (%)

100 | 150 | 200 | 250 | 300 | 350 | 400 | 500 {1000
ms |ms | ms | ms | ms | ms|ms|ms|ms

TEMG |96.71|98.07|98.92(99.3799.6399.76 | 99.88|99.95|99.99

MAV1{96.16|97.70|98.78 | 99.26 99.57 |99.73|99.91|99.96| 99.98

MAV?2|91.08|93.33|95.50|96.47 97.20{97.68 | 98.32|98.88 | 98.98

MAV 96.70(98.06{98.92|99.36|99.63|99.76|99.88 99.95 | 99.99

RMS {96.57(98.03|99.03(99.38|99.72|99.78 | 99.94|99.9499.98

SSC (82.77189.09193.01 |95.44(97.11 (98.11|98.8199.45 |99.47

SSI 194.13(96.22197.6898.34|99.15|99.38|99.60 | 99.7299.70

VAR [94.13|96.22|97.68 |98.34|99.1599.3899.60|99.72|99.70

WAMP|90.31|94.13|96.43|97.89(98.6799.17 |99.44|99.72| 99.74

WL [94.51]96.54|98.15|98.85|99.39|99.66 |99.8499.8899.93

ZC |92.56(95.42|97.37|98.37|99.00|99.18|99.50|99.77 |99.75

SvCe] FEr|EI%2 kemnel rbf, CEt<S 100, gamma
scale® Wl 71 & A5 Yehfo o] & A
# 3% W KNN np7 A2 1,000msol A 7HE £
AHE A AAZ 9EE A8 200ms ©]Eke] A
2ol= IEMG, MAV1, MAV, RMS7} 98.77%, 98.68%,
98.77%, 98.61%% 7H& £ AE YERAL sAR
KNNl| Hla] dAH o= HGrrt ofF 1%90A 2% Sot
2 AL B & ok T3 KNNolA Al THEAFo| =7}
200ms¥ W] WLo] 98.15%<1d Hksle] SVCel 790l =
978%Z Tha HoA Y, 100msY o= 90.94% = <F
4%°] ApolE Hlth

rlo _YL i

el

1= olEll B ats| (25723)
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(Table 3) SVC’'s 11 preprocessing accuracy by
segment size (%)

100 | 150 | 200 | 250 | 300 | 350 | 400 | 500 |1000
ms |ms | ms | ms | ms | ms|ms|ms|ms

svC

IEMG |97.03|98.05|98.77|99.0299.2499.45|99.56|99.68 | 99.90
MAV1 |96.73|97.98|98.68 | 98.8199.1799.3899.45|99.61 | 99.84
MAV?291.97)93.78|95.78 |96.61 |97.3697.66 | 98.26 | 98.60| 98.67
MAV |97.03|98.05|98.77|99.02(99.2499.45|99.56|99.68|99.90
RMS |96.75(97.87|98.61|98.95|99.17|99.41 |99.52|99.60 99.83
SSC 83.96(89.60(92.62|94.38|95.79(96.29|96.9997.68 |97.47
SSI 92.68(94.90|96.02|96.61 |97.13|97.57 | 97.89|98.07 |98.06
VAR |92.68|94.90|96.02|96.61|97.13|97.5797.89|98.07 | 98.06
IWAMP|90.94|94.05|95.94|96.57 |97.44|97.58 | 97.87|98.39|98.43
WL [94.83]96.64|97.80|98.21|98.81|99.0699.2599.48 99.76
ZC 193.59(95.31|96.50(97.15|97.52|97.69|98.22 | 98.45 |98.50

(E 4) RF2| MOHE Alo|=" 1171X| MAMz| Mgz
(%)
(Table 4) RF's 11 preprocessing accuracy by
segment size (%)

A 96%~HAU 9.02%°] = RHAFE AL & F
Ut o]& FFs £ u KNN, SVC, RF, XGBoost =57
IEMG, MAV1, MAV, RMSE A8 79 200ms ©] 5}l
A 98 72%0149 =2 ASEE 7 ol XGBoost
9} RFE SSI, VAR A= 98.75%2] =& AFPLE Ho
7} B whE mAley WHE dohlidch

(% b5) XGBooste| MOIHE Alo|=" 117X MAM2| A
2 (%)
(Table 5) XGBoost’s 11 preprocessing accuracy
by segment size (%)

XG | 100 | 150 | 200 | 250 | 300 | 350 | 400 | 500 |1000
Boost | ms | ms | ms | ms | ms | ms | ms | ms | ms

IEMG |96.86|97.98|98.72/99.19|99.46 99.62|99.74|99.86 | 99.81
MAV1|96.47|97.72|98.61|99.12(99.3199.53|99.69|99.85|99.79
MAV2|91.80|93.62|95.71|96.32(97.10{97.59|98.19|98.52|98.49
MAV |96.85|97.98|98.72|99.19(99.46 99.62|99.74|99.86|99.81
RMS (96.68(97.98|98.75|99.18|99.45|99.6099.75 99.8499.70
SSC (83.64(88.83191.98|93.70(95.58 |96.41|97.3498.06 | 98.08
SSI {96.68(97.99|98.75(99.18|99.45|99.60 | 99.75|99.8499.70
VAR |96.68|97.99|98.75|99.1899.45|99.60|99.75 |99.84|99.70
WAMP|90.14|93.45|95.57|96.49(97.3498.09|98.50|99.09|99.05

100 | 150 | 200 | 250 | 300 | 350 | 400 | 500 |1000
ms | |ms | ms | ms |ms|ms|ms| ms| ms

IEMG (97.16{98.33|98.92| 99.2699.53|99.65|99.78 |99.83|99.88
MAV1 |96.78|97.97 98.88|99.23|99.40 | 99.63|99.76 99.81|99.91
MAV?2 |92.26|94.11|96.05 | 96.64 97.40|97.70|98.43|98.77|98.78
MAV |97.15|98.33|98.92|199.27 99.5499.64|99.78|99.83|99.88
RMS {97.00{98.36|99.02|99.31|99.55|99.67|99.78 99.86 |99.81
SSC183.92|89.34/92.83|94.55(96.1496.95|97.86|98.69 | 98.54
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(Figure 4) Comparison of model stability : (a)IEMG, (b)MAV1 (c)MAV, (d)RMS, (e)SSI, (f)VAR
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(Figure 5) Comparison of confusion matrices by model : (a)KNN, (b)SVC, (c)RF, (d)XGBoost
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